What Do Welfare-to-Work Demonstrations Reveal to Welfare Reformers? John V. Pepper Under the new welfare system, states must design and institute programs that both provide assistance and encourage work, two objectives that have thus far appeared incompatible. Will states meet these new requirements? For many innovative programs, the randomized welfare-to-work experiments conducted over the last three decades may be the only source of observed data. While these experiments yield information on the outcomes of mandated treatments, the new regime permits states and localities much discretion. Using data from four experiments conducted in the mid-1980s, this study examines what welfare-to-work demonstrations reveal about outcomes when the treatments are heterogenous. In the absence of assumptions, these data allow us to draw only limited inferences about the labor market outcomes of welfare recipients. Combined with prior information, however, data from experimental demonstrations are informative, suggesting either that the long run federal requirements cannot be met or that these standards will only be met under special circumstances.
In August 1996, the open-ended federal entitlement program of Aid to Families with Dependent Children was replaced with the Temporary Assistance for Needy Families (TANF) block grant for states. The Personal Responsibility and Work Opportunity Reconciliation Act of 1996 (PRWORA) gives states broad discretion in defining eligibility and benefits for welfare programs. TANF funds, however, are not guaranteed. For state governments to be assured of continued full funding, at least 25 percent of single parent recipients must be participating in work activities in 1997, with this proportion increasing by 5 percent each year until it reaches 50 percent in 2002. 1 Thus, under the new law states must design and institute welfare programs that both provide assistance and encourage work, two objectives that have so far appeared incompatible. Will states meet the federal requirements? To date, there is almost no empirical evidence to address this question.
Experimental analyses, however, are thought to provide relevant data. Over the last three decades, numerous randomized social experiments have examined whether work and training programs enable welfare recipients to participate in the economic mainstream. Typically, a sample of welfare recipients is randomly placed in either a treatment group which receives job training or a control group which receives the standard benefits. At some point in the future, we then observe the labor market outcomes of each individual. For many innovative programs, these randomized experiments may be the only source of observed data.
What do these data reveal? With random assignment, the sampling process identifies the fraction of welfare recipients who would work if they were all to receive training or if instead they were all to receive the standard benefits. By comparing these probabilities, researchers measure the effectiveness of the training program. In general, this literature suggests that basic training programs slightly increase labor force participation, hours worked, and wages, and decrease the likelihood of prolonged participation on welfare.
While experiments yield information on the outcomes of mandated treatments, the new regime permits states and localities much discretion. In fact, with the budget constraints imposed by block grant funding, state governments are unlikely to mandate training for all welfare recipients. Rather, some will be assigned to training, while others will receive standard benefits.
Still, these experiments might be informative. Using data from four well-known social experiments conducted by the Manpower Demonstration Research Corporation (MDRC), I examine what experimental evaluations reveal about outcomes under the new regime. In particular, I evaluate the labor force participation probability two years after the treatment is assigned. This estimated employment probability is then compared to the long-run federal requirement that half of single parent recipients participate in the labor force. 3 4 Most of those who failed to comply either left or became ineligible for AFDC. Sanctions, which eliminated the parent's portion of the grant for between 3 and 6 months, were applied in less than 10 percent of the cases (Friedlander and Burtless, Table 3-1, 1995) . 5 Note that under the intention to treat framework, all respondents comply with their assigned treatment. This definition also eliminates any bias arising from control group respondents obtaining the treatment. Respondents in the control group are not, by definition, assigned to training. If, instead, one wants to isolate the effects of the training program, as opposed to being assigned to training, noncompliance and substitution may become central concerns.
It might be that under the new regime planners will optimize the employment probability given a budget constraint. New theoretical results formalizing the implications of this constrained optimization model are developed in Section 6 and Appendix A. Intuitively, the employment probability under this constrained model can be no larger than under the unconstrained outcome optimization model. That is, if planners are optimizing outcomes, a constraint cannot improve the employment probability.
In Section 7, I draw conclusions. Two substantive findings emerge. First, some programs cannot possibly meet the federal labor force participation requirement. Second, others may meet the requirement if there is enough heterogeneity in treatment response and if state/local officials act in way that optimizes the labor force participation probability.
The Data
This analysis exploits four well known work and training demonstrations conducted in the 1980s by the Manpower Demonstration Research Corporation (MDRC). In particular, the four programs are the Arkansas WORK Program, the Baltimore Options Program, the San Diego Saturation Work Initiative Model (SWIM), and the Virginia Employment Services Program (ESP). For each program, welfare recipients were randomly selected to either participate in a basic work or training activity, or to receive the standard benefits package. Each of these evaluations were broad coverage programs with at least two years of follow-up data. All single parent families receiving AFDC and whose children were at least 6 years of age were mandated to participate. For the Arkansas WORK program, coverage was extended to families with children at least 3 years of age.
These MDRC experiments appear particularly well-suited for evaluating the types of welfare and training programs which might be adopted under TANF. For the most part, these experiments stressed labor force participation rather than human capital development. Thus, the training programs were modest, focusing on supervised job search and unpaid work assignments. Educational activities were only offered in limited cases.
The MDRC welfare-to-work programs were also mandatory. As a result, the "treatment" did not only consist of participation in program assignments, but also consisted of sample members hearing a message that they had to do something while on welfare. Furthermore, noncompliance with the assigned treatment led to sanctions or possible expulsion from the program. Over 50 percent of the caseload complied with the assigned training. Those that did not comply either exited the welfare system, were sanctioned, or were excused for reasonable cause. 4 As a result, all sample members assigned to training experience a treatment. That is, I evaluate the intention to treat, rather than the treatment itself.
5 Table 1 provides additional summary information on these programs, as reported in Gueron and Pauly (1991, Table 3.1, pp. 85-92) . To evaluate these experimental programs, the MDRC selected 5 6 See Pepper (1998) for a more detailed description of the mechanics of the bootstrapping method.
What Experimental Data Can Reveal
This section describes a primary identification problem that arises when using data from experimental evaluations to infer the outcomes that will prevail when treatments are heterogenous. Properly designed and implemented social experiments identify the distribution of outcomes that would occur if all individuals are given the same treatment. These data, however, cannot reveal the distribution of outcomes that will occur under the new regime. A mixing problem results in that data from experiments with mandated treatments cannot identify the outcome that would occur if treatment assignment varies across welfare recipients (Manski, 1995; 1997) . Section 3.1 formalizes what experimental data can reveal, while Section 3.2 describes what these data cannot reveal. While the data alone cannot identify the expected outcomes under the new regime, it might be conjectured that the employment probability must lie between those observed in the control and treatment groups. In Section 3.3, I evaluate this conjecture, concluding that the assumptions required to support this bound are not credible.
3.1
What Do Data from Welfare-to-Work Experiments Reveal? To formalize the mixing problem, I begin by distinguishing between the outcome that would occur were a welfare recipient to have been assigned to training y(1), and the outcome that would occur were she to have received the standard benefits, y(0). In particular, let y(·) equal one if the individual would have participated in the labor force after the treatment period and zero otherwise. Let z denote the actual treatment received, where z = 1 if assigned to training and 0 otherwise. To simplify the exposition, I leave implicit variables used to condition on observed characteristics of individual respondents (e.g., single parents with children at least 6 years of age).
What do the data reveal? For those who were assigned to training (z = 1) the employment indicator y(1) is observed but y(0) is latent, while for those who received the standard benefits (z = 0) the outcome y(0) is observed but y(1) is latent. Thus, the data reveal the employment probability for those who were assigned to training, P[ y(1) = 1 | z = 1], and for those who merely received standard benefits, P[ y(0) = 1 | z = 0]. In social experiments, the actual treatment received is randomly assigned so that the treatment, z, is statistically independent of the labor force participation indicators, y(1) and y(0). That is, the labor force participation probability of those who were assigned to training, P[ y(1) = 1 | z = 1], reveals the outcome that would occur if everyone where to receive training, P[ y(1) = 1]. Likewise, the employment probability of those assigned to the control group, P[ y(0) = 1 | z = 0], reveals the outcome that would occur if the entire caseload received the standard benefits package, P[ y(0) = 1]. Thus, the data from social experiments identify the employment probability if all welfare recipients are assigned to training, P[ y(1) = 1], or if instead all recipients receive the standard benefits, P[ y(0) = 1 ]. Sample averages are used to consistently estimate these probabilities. Table 2 displays the estimated employment probability for the treatment and control groups, along with the corresponding 90 percent bootstrapped confidence intervals. 6 In each case, the results suggest that job training programs slightly increase the probability of employment. Under the Virginia Employment Service Program (ESP), for instance, the labor force participation probability if all welfare recipients receive training is estimated to be 39.0 percent. If instead, all welfare recipients receive the standard benefits, these data suggest that 33.9 percent would be working after two years. Thus, the ESP increases the probability of employment by 0.051.
In practice, whether these data actually reveal the distribution of outcomes under mandatory 6 7 See Hausman and Wise (1985) , Manski and Garfinkel (1992) , and Manski (1996) for general critiques of the experimental methodology. Wiseman (1991) and Greenberg and Wiseman (1992) critically examine the MDRC demonstrations.
treatment policies is of considerable disagreement. There are many well known and important critiques of randomized social experiments. 7 Some concerns are procedural. The program may not be properly implemented, so that outcomes y(1) and y(0) are dependent upon the realized treatment z. Even if properly run, a more fundamental question is whether the demonstration program operates in the same fashion as it would if it were actually implemented. Certainly, concerns about external validity are germane (Campbell and Stanley, 1966; Hotz, Imbens, and Mortimer, 1998) : both the economy and the welfare system have undergone major changes since the mid 1980s. More generally, macro-feedback effects (Garfinkel, Manski and Michalopolous, 1992) , Hawthorne Effects, and entry effects (Heckman, 1992; Moffitt, 1992) all suggest that small scale demonstration projects may not reveal the outcomes that would occur if the program were instituted on a larger scale.
In this paper, I abstract from these concerns by assuming that the MDRC demonstrations identify the effects of the various job training programs. That is, up to sampling error, the data are assumed to reveal the labor force participation probability if all recipients are assigned to training, P[ y(1) = 1 ], and if all recipients are given the standard benefits, P[ y(0) = 1 ]. While there are shortcomings with the MDRC evaluations, there is some support for this assumption. These evaluations are generally recognized as well designed and implemented social experiments (see, for example, Greenberg and Wiseman (1992) , and Wiseman (1991) ). To the extent, however, that this assumption is violated, the data from these experiments will be less informative (otz, Imbens, and Mortimer, 1998).
3.2
The Mixing Problem The purpose of this paper is to examine the distribution of outcomes that will occur if treatment assignment varies across the caseload. Assume that a treatment selection policy, m, assigns some welfare recipients to be trained, and others to receive standard benefits. Let y m be the realized outcome under policy m and let z m be the realized treatment. In particular, I code y m = 1 if an individual participates in the labor force after two years and y m = 0 otherwise, and z m = 1 if a person were to be assigned to job training, and 0 otherwise. Thus, I am interested in learning the labor force participation probability for individuals given the treatment policy m, P[ y m = 1 ].
In the absence of assumptions restricting the relationships between the treatment selection policy, m, and the employment indicators, y(1) and y(0), data from experimental evaluations cannot identify the distribution of outcomes when some individuals are trained and others are not. To see this use the law of total probability to write
The experimental evidence does not reveal how treatments will be assigned under policy m, nor how the latent outcomes y(1) and y(0) are related. Thus, a "mixing problem" results in that data from these experiments cannot identify the probability a recipient receives treatment t, P[ z m = 1 ], nor the labor force participation probabilities among those persons who will receive treatment t, P[ y(t) = 1 | z m = t ] (see Manski 1995; 1997) .
Outcome Optimization Bounds
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8 Equation (1) reveals that this hypothesis is also true in the improbable case that the treatment assignment process under the new regime is random (Manski, 1997, Proposition 5) .
Given the mixing problem, one might speculate that the employment probability under the new regime will necessarily lie between the outcomes under the mandated training and standard benefit treatments, with the precise location depending on what fraction of participants are assigned to training. This hypothesis is true if being assigned to training never reduces the likelihood of participating in the labor force (Manski, 1997, Proposition 4) .
8 After all, under this ordered outcomes assumption, the planner can do no better in terms of maximizing the employment probability than assigning everyone to training and no worse than assigning everyone standard benefits.
Thus, if outcomes are ordered, the estimates displayed in Table 2 imply that the training programs cannot achieve the long-run objectives of the federal reform. Under the Virginia ESP, for instance, the data imply that at least 33.3 percent and at most 39.3 percent of welfare recipients will be employed. Similarly, the labor force participation probability will not exceed 23.8 percent under the Arkansas Work program, 37.7 percent under the Baltimore Options Program, and 35 percent under the SWIM program. All of these upper bounds fall far short of the 50 percent long run benchmark.
If instead the effects of treatment are heterogenous, with some fraction unaffected, some fraction employed only if assigned to training, and some fraction employed only if given standard benefits, the ordered outcomes bounds displayed Table 2 do not apply. Planners can do better than assigning everyone to training and can do worse than assigning everyone to receive the standard benefits. Thus, the employment probability under the new regime is not in general constrained to lie between the outcomes under mandated treatments.
Arguably, in fact, the effects of treatment are heterogenous. Given that the welfare caseload is diverse, reflecting a broad range of skills, backgrounds and challenges, it seems unlikely that a basic skills and job search program will benefit this entire population (Pavetti, L. et al., 1999) . A program which enables recipients with low levels of human capital to transition into the labor force may not benefit those with different skills or impediments. Rather, for some fraction of the caseload, the participants' time and resources devoted to training might otherwise be used more effectively. In fact, nearly half of the recipients assigned to training choose to either leave the program or incur sanctions. While some fraction leave welfare for work, the majority simply incur the costs of noncompliance ( Fraker et al.,1997; Friedlander and Hamilton ,1993; Pavetti, L. et al., 1999) . For these and others, the net costs of training may be substantial.
Although data from randomized experiments cannot reject the ordered outcomes assumption, the credibility of this restriction is tenuous. In Sections 4-6, I examine what the data reveal about the employment probability under the new regime if the effects of treatment might be heterogenous.
No Assumption Bounds
With limited budgets and the potentially prohibitive cost of work and training programs, state governments are unlikely to mandate a single job training program for all welfare recipients. Instead, states might systematically select certain recipients to be trained, others to participate in community work projects and others to receive short term cash assistance. Thus, rather than making the extreme assumption that all recipients are assigned to job training, a logical first step is to examine what these data reveal in the absence of assumptions. The general result is that knowledge of the employment probabilities under homogenous treatment policies yield a one-sided bound on the labor force participation 8 probability.
To formalize these restrictions, it is useful to first explore how selection policies might affect outcomes. Treatment only affects some individuals. In particular, a fraction P[ y(1) = 1 1 y(0) = 0 ] of the population "benefits" from job training, while a fraction P[ y(1) = 0 1 y(0) = 1 ] "benefits" from the standard program. The remainder are unaffected by the treatment policy, with some fraction P[ y(1) = 1 1 y(0) = 1 ] participating in the labor force regardless of the treatment and some fraction P[y(1) = 0 1 y(0) = 0 ] not working.
Thus, the employment probability will be maximized if those who benefit from training are assigned to training, and everyone else is given standard benefits. Regardless of the treatment assignment policy, however, the unemployment rate will at least equal P[ y(1) = 0 1 y(0) = 0 ]. In contrast, the labor force participation probability will be minimized if all who benefit from training receive standard benefits and everyone else is assigned to training. Regardless of the treatment assignment policy, however, the employment rate must at least equal P[y(1) = 1 1 y(0) = 1 ]. Thus, the joint distribution of labor force participation indicators, y(1) and y(0), implies that
Notice that the width of the bound in Equation (2) equals the fraction of individuals who are affected by the treatment selection probability, P[ y(1) = 1 1 y(0) = 0 ] + P[ y(1) = 0 1 y(0) = 1 ]. Thus, in the absence of assumptions used to address the mixing problem, the joint distribution of y(1) and y(0) will only identify the labor force participation probability if treatments have no effect on outcomes. Still, these bounds are informative. The lower bound will generally be greater than zero while the upper bound will generally be less than one. However, since the experimental data do not reveal the joint distribution of the labor force participation indicators, y(1) and y(0), the bounds in Equation (2) are not identified. Instead, the data reveal the labor force participation probability if all recipients are assigned training, P[ y(1) = 1], or if all recipients receive the standard benefits, P[ y(0) = 1]. These observed distributions imply informative restrictions on the joint distribution in Equation (2).
To illustrate how the marginal distributions on the labor force participation probabilities under mandated treatments are used to bound the joint distribution, consider the employment probabilities for the Virginia ESP. The estimates displayed in Table 2 imply that the labor force participation probability would be 39.0 percent under mandatory training and 33.9 percent under standard benefits.
Many joint distributions are consistent with these marginal probabilities. Table 3A displays one extreme case where the outcomes under training and standard benefits exhibit the strongest positive correlation. In this case, the treatment has almost no influence on outcomes. Only 5.1 percent of respondents benefit from training, and no one benefits from the standard program. Given this distribution, at most 39.0 percent of the caseload will participate in the labor force while at least 33.1 percent will participate. Table 3B displays the other extreme where the outcomes exhibit the strongest negative correlation. In this case, the treatment has the largest possible effect on outcomes. Regardless of the selection method, at least 27.1 percent of the caseload will be unemployed. The labor force participation outcomes of the remaining 72.9 percent of the caseload depend upon the assignment process. It might be that all 72.9 percent will participate in the labor force, while it might be the entire caseload will be unemployed.
The joint distributions displayed Tables 3A and 3B , and others, are consistent with the ESP 9 outcomes revealed by the experiments. In the absence of additional information, the distribution with the strongest negative association between the outcomes -i.e., Table 3B -defines the range of possible labor force participation probabilities under the new regime. This distribution maximizes the fraction of the caseload affected by the assignment process. Thus, if a state were to adopt the ESP program, the labor force participation probability must lie between 0 and 72.9. Some of the uncertainly reflected in this bound results from not knowing the assignment process (i.e., see the bounds in Equation 2), while some results from not knowing what fraction of the caseload is affected by the assignment process.
To formalize these restrictions, consider the fraction of the caseload who will be employed regardless of the treatment selection process, P[ y(1) = 1 1 y(0) = 1 ]. Observe that Although the data cannot reveal the probability that a person might be employed, P[ y(1) = 1 c y(0) = 1 ], this unknown probability is bounded. In particular, this probability can be no smaller than the labor force participation probability under either uniform treatment policy and no larger than the minimum of P[ y(1) = 1] + P[ y(0) = 1 ] and one. Thus, a sharp bound on the fraction who will be working regardless of the selection process equals Frechet, 1951) . The upper bound is realized if the outcomes exhibit the strongest possible positive association (see, for example, Table 3A ) in which case treatments have relatively little effect on outcomes. The lower bound is realized in the case where the outcomes exhibit the strongest possible negative association (see, for example, Table 3B ) in which case treatments have the largest effect on outcomes. Similar reasoning can be used to bound the fraction of the caseload who will be unemployed regardless of the assignment process, P[ y(1) = 0 1 y(0) = 0 ].
Combining the bounds in Equations (2) and (4) Since the experimental data reveal the employment probabilities under a uniform treatment policy, the bounds for an unknown training assignment rule m are nonparametrically identified. The sample means in Table 2 are used to estimate these bounds. Table 4 presents the no-assumption estimates for each of the four programs. Notice that these bounds are only informative on one side. In the absence of data, we know that the employment probability lies between zero and one. For each of the four programs, the data narrow the upper bound while the lower bound remains at zero.
Still, these bounds are informative. We learn, for instance, that no matter what assignment policy 10 This model imposes the strong assumption that administrator know the latent labor force participation outcomes for each individual. As such, the resulting estimates can be viewed as providing information on what might happen in the best case scenario. Similar results will apply under a weaker version of rational expectations where, given the available information s, the planner knows the employment probabilities P[y(1) = 1*s] and P[y(0) = 1*s]. If the information s uniquely identifies each individual, then the planner observes the latent outcomes { y(1), y(0) }. Otherwise, the planner only knows the distribution of outcomes among those with characteristics s. See Manski and Nagin (1998) for further details. Dehijia(1999) also examines a version of the outcome optimization model. is used, the employment probability under the Arkansas WORK program will not meet the long run labor force participation requirements to assure full TANF funding. At most, just over 44 percent of the caseload will be participating in the labor force two years after the program is implemented. In contrast, the data are inconclusive about the labor force participation probabilities under the Virginia, San Diego, and Baltimore programs. In the absence of additional assumptions, the data cannot reveal whether or not adopting these programs will achieve the long run labor force participation requirements. 9 5. Alternative Assumptions A logical place to impose restrictions is on the treatment assignment policy m. One possibility is that all welfare recipients are trained. A second possibility is that administrators randomly assign welfare recipients to receive training or standard benefits. In these cases, as revealed by Equation (1), the experimental data bound the possible employment probabilities to lie between the labor force participation probabilities displayed in Table 2 .
There are many other possible assumptions. Here, I examine the implications of two easily understood and commonly suggested restrictions on the assignment process. The first model assumes administrators assign job training to maximize the chance of employment. The second model assumes that a certain fraction of recipients are assigned to training but makes no assumption about the selection rule.
5.1
Outcome Optimization Assume that administrators observe the employment indicators{ y(1), y(0) }and select the treatment, job training or standard benefits, that maximizes the labor force participation probability.
10 That is, y m = max [ y(1), y(0) ]. Under this outcome optimization model, the treatment selection policy will maximize the labor force participation probability so that P[ y m = 1 ] = 1 -P[ y(1) = 0 1 y(0) = 0 ]. Regardless of the assignment process, some fraction of the caseload will remain unemployed. If we observed the joint distribution of outcomes, this probability would be identified. Given the experiments, however, there remains uncertainty in that the data cannot reveal what fraction of the caseload is affected by the assignment process.
Intuitively, under this assignment rule administrators can do no worse in terms of maximizing the employment probability of welfare recipients than what would have occurred if all recipients were assigned to job training, and no better than the no-assumption upper bound in Equation (5). Formally, the 11 11 An alternative model assumes that planners are restricted to training no more than a certain fraction p of the caseload, with no constraints imposed on the fractions assigned to standard benefits. That is, p $ P[ z m = 1 ]. The bounds under this weak budget constraint model are derived in Appendix A, Proposition 3. While in principle, these bounds can differ from those estimated under the strict constraint, the results found when p = 0.10 and p = 0.25, the two cases examined below, are identical. Frechet (1951) bounds in Equation (4) While the upper bound in Equation (6) coincides with the no-assumption upper bound in Equation (5), the lower bound is informative. In particular, the estimates in Table 2 suggest that under the Baltimore, San Diego and Virginia programs, at least one-third of the caseload will work. However, even in this best-case model, where planners with rational expectations maximize the expected outcome, there remains much uncertainty. As before, the Arkansas WORK program will not meet long run federal requirements. At most, only 44.2 percent of the caseload will be working after two years. The Virginia, Baltimore, and San Diego programs, however, may or may not meet the long-run standard that at least half of the caseload participates in the labor force. Consider, for instance, Virginia's ESP program. If planners combine this program with an outcome optimization assignment rule, the estimated bounds imply that at least 39.0 percent and at most 72.9 percent of welfare recipients will be employed after two years. Where the realized labor force participation probability will lie depends upon the association between the latent labor force participation indicators, y(1) and y(0). If these outcomes have a strong positive association (e.g., Table 3A ), the realized probability will lie closer to the lower bound. In contrast, if the association is strongly negative (e.g., Table 3B ), the realized probability will approach the upper bound.
5.2
Budget Constraint Model Restrictions on the treatment assignment process might arise from the costs of treatment. Table  1 shows that the net cost of the four training programs evaluated by the MDRC ranges from $118 per recipient for the Arkansas WORK program to nearly $1,000 per recipient for the Baltimore Options program. Arguably, planners operate under a strict budget constraint specifying the fraction of recipients assigned to training and to standard benefits.
Suppose that a certain known fraction of welfare recipients receive job training, while the remainder receive standard benefits. Let p = P[z m = 1 ] be the fraction of recipients who will receive training, and 1-p = P[z m = 0 ] be the fraction who will receive standard benefits.
11 The experiment and this budget constraint restriction imply sharp bounds on the labor force participation probability.
To illustrate how the budget constraint model restricts the outcomes, consider the distribution of employment outcomes under the ESP displayed in Table 3B . Suppose that a planner, under this extreme distribution, is restricted to assign training to 10 percent of the caseload and standard benefits to the remaining 90 percent. In the best case, training would be assigned to recipients who benefit from training so that the labor force participation probability would be 43.9 percent. In the worst case, training is assigned to those who benefit from the standard program, so that the labor force participation probability would equal 23.9 percent. Thus, the labor force participation probability under this budget constraint model lies between 23.9 and 43.9 percent.
To formalize this bound, consider the labor force participation probability under assignment policy m. Given a known fraction of recipients p will be assigned to training, Equation (1) The data do not identify the employment probabilities for those who will be trained P[ y(1) = 1 | z m = 1], nor for those who will receive standard benefits, P[ y(0) = 1 | z m = 0]. After all, the way in which recipients will be assigned to treatments is unknown. As before, however, information on the observed outcomes under uniform treatment policies can be used to bound the labor force participation probability under some unknown assignment policy m. The experiment reveals the probability a recipient works if everyone is assigned to training P[y(1) = 1 ] while our interest is in learning the labor force participation probability for those who will be assigned to training. The relationship between these two probabilities is highlighted using the law of total probability to write Since the unknown probability P[y(1) = 1* z m = 0] lies in the interval [0, 1] we can bound the labor force participation probability for recipients who will be assigned to training. In particular, (Manski, 1997, Proposition 7) . Notice that as the fraction trained approaches one, the bounds will center around the outcome that would be observed if all recipients are assigned to training, P[ y(1) = 1 ], while as the fraction approaches zero the bounds center around the outcome that would be observed if all recipients receive standard benefits, P[ y(0) = 1 ]. More generally, restricting the fraction of recipients who are trained narrows the no-assumption bounds in Equation (5). Table 5 displays estimated bounds under the constraint that either 10 percent or 25 percent of the caseload will be assigned to training. If restricted to training one-tenth of the caseload, the Baltimore will meet the short run federal labor force participation standard of 25 percent, and the Arkansas WORK, San Diego SWIM, and Virginia ESP programs might meet this standard. In all cases, however, employment outcomes under these programs fall short of the long-run requirement.
In contrast, if planners train one-quarter of the caseload, the estimated bounds are too wide to infer whether or not the programs will meet any of the federal labor force participation standards. With increased flexibility planners might either improve or degrade the decision making process. Thus, as the constraint become less restrictive the upper bound increases and the lower bound decreases.
Notice that constraining the administrator to assign one-quarter of the caseload to training does not affect the estimated bounds associated with the Arkansas WORK program. That is, the budget 13 12 The proof of Proposition 1 as well as for the bound under the weaker condition that p $ P[ z m = 1 ] are in Appendix A. For the two cases examined here ( p = 0.10 or p = 0.25), the estimated bounds are identical under the strict and weak constraints. In general, however, this does not have to be the case. Intuitively, under the outcome optimization model, the bounds found using a strict budget constraint are subsets of the bounds under the weak constraint.
constraint bound of [ 0, 0.442 ] is equivalent to the no-assumption bound displayed in Table 4 . The MDRC data reveal that no more than 23.8 percent of the caseload can benefit from training and no more than 20.5 percent can benefit from the standard assistance (see Table 2 ). To maximize the labor force participation probability, those that benefit from training are assigned to training, while to minimize this probability those who benefit from training receive standard benefits. Neither of these extreme policies is ruled out by the budget constraint model.
Joint Outcome Optimization and Budget Constraint Model
Arguably, both the budget constraint and outcome optimization models apply. That is, the objective of the planner might be to maximize the employment probability with a constraint specifying the fraction of recipients assigned to both job training and standard benefits. Under the outcome optimization model, administrators assign training to those who benefit from training, and standard benefits to everyone else. Given this assignment rule, a budget constraint is binding if the fraction assigned to training, p, falls below the proportion who benefit from training or if the fraction receiving standard assistance, 1-p, falls below the proportion who benefit from the standard program.
Consider the labor force participation probabilities under the ESP. In the extreme case displayed in Table 3A , the assignment process affects 5.1 percent of the caseload. Assuming the fraction assigned to training exceeds 5.1 percent, the outcome optimization model ensures that the labor force participation probability will equal 39.0 percent, the outcome that would be observed if all recipients were to receive training. If the budget constraint restricts the fraction assigned training to be less than one-twentieth of the caseload, then the observed labor force participation rate would equal 0.339 + p. In contrast, Table  3B depicts the case where the largest fraction of the caseload is affected by the assignment process. Here, if the administrator is restricted to train less than 39.0 percent of the caseload the budget constraint will be binding. Likewise, if less than 33.9 percent of the caseload is assigned to standard benefits, planners cannot optimize outcomes.
Intuitively, under this constrained optimization model planners can do no worse in terms of maximizing the employment probability than what would have occurred if all recipients were assigned to receive standard benefits and no better than the upper bound in the budget constraint model formalized in Equation (9). In fact, the bounds under this constrained optimization model turn out to be: 14 the lower bound is more informative. Table 6 displays the estimated outcome optimization bounds under the constraint that either 10 percent or 25 percent of the caseload will be trained. Under the Baltimore, San Diego or Virginia programs over one-third of the caseload will be working two years after the treatment is assigned. Thus, the short run employment standards will be met. Whether the long run requirements are achieved depends on both the constraint and the association between the outcomes. If 10 percent of the caseload is assigned to training, the programs cannot meet the long run employment standard. If instead one-fourth of the caseload is assigned to training, the upper bound exceeds the 50 percent benchmark in all cases. Thus, if the labor force participation is optimized and if outcomes are negatively associated (see, for instance, Table 3B ), the long run federal benchmark will be achieved. If these outcomes have a strong positive association (e.g., Table 3A ), however, planners cannot meet the federal benchmark.
Conclusion
Understanding the outcomes that can be expected from implementing a job training program is a central concern to academics, policy makers, and program administrators. What will the post welfare reform world look like? What fraction of the caseload will work? How will poverty and welfare spells change? What will happen to the teenage pregnancy rate? Almost no empirical evidence has been brought to bear on these and other fundamental questions.
Under the new federal regulations, state and local governments must design and implement welfare programs that meet minimum labor force participation requirements. In 1997, at least 25 percent of the single parent families on welfare must be working. By the year 2002, federal regulations require labor force participation rates in excess of 50 percent.
In many cases, the only available information on innovative programs comes from welfare-towork demonstrations conducted since the War on Poverty. What do these experiments reveal to welfare reformers? Two general findings emerge. First, some programs cannot meet the federal standards. Second, other programs may meet the requirements if there is both sufficient heterogeneity in the treatment response and administrators optimize outcomes, or something reasonably close. While achieving this latter requirement depends upon the objective of the planners, the former requirement depends upon the fraction of the caseload affected by treatment.
Consider, for example, the Virginia Employment Services Program. In the absence of any restrictions to address the mixing problem, the employment probability under the ESP falls within [0, 0.726] . Thus, the data suggest that program may meet the federal objectives. The experimental data alone, however, reveal almost nothing about whether instituting the ESP will achieve the federal employment standards.
Prior information substantially narrows the no-assumption bound. If, for instance, administrators assign treatments to optimize the employment probability, the experiments imply that the program will achieve the short run federal standards. At least of 39.3 percent of the caseload will work. Even under the outcome optimization model, however, the data do not reveal whether outcomes under the ESP program can meet the long run federal labor force participation standards. After all, the experimental data cannot reveal the fraction of the caseload affected by the assignment process. If instead, we assume that the planners are restricted to train 10 percent of the caseload, the labor force participation probability will lie between [0.239, 0.439 ] . Under this restriction, we learn that the caseload may meet the short run federal standards but cannot achieve the long-run objectives.
Clearly, even with these experimental data, there remains much uncertainty. Without prior information on the association between the outcome variables under the different treatments, the data do not reveal whether the states will meet the federal standards. What modes of data collection would yield information beyond what can be inferred from the MDRC experiments? One possibility would be a set of experiments where the randomization is at the site level rather than at the individual level. Here a treatment would be a set of rules under which case managers would operate, rather than a mandate. An experiment of this type would reveal how case managers would make treatment assignments. In principle, it would directly reveal the outcome of policy m.
Appendix A:
Outcome Optimization Budget Constraint Model
In this appendix, I formally derive nonparametric bounds under various restrictions on the fractions assigned to treatment. Three cases are examined. First, I prove Proposition 1 which bounds the outcome distribution under the optimization model with a fixed fraction p assigned to treatment 1 and 1-p assigned to treatment 0. The second maintains the optimization model but relaxes the constraint so that no more than p recipients are assigned to treatment 1. Finally, under this weak budget constraint, I formalize the bounds in the absence of the outcome optimization assumption.
A1. Proposition 1: Outcome Optimization with a Strict Budget Constraint
The outcome optimization model implies that treatment is assigned to maximize outcomes. That is, y m = max{ y(1), y(0)} . Thus, for a binary outcome variable To highlight the treatment assignment process, it is useful to decompose the union in Equation (A1) into three distinct intersections. In particular, we know that 
A2. Proposition 2: Outcome Optimization with a Weak Budget Constraint
Suppose a weak version of the budget constraint model applies such that an administrator is constrained to assign no more than a known fraction p to treatment 1. That is, assume that p 3,150 1. Net cost are computed as the average cost per enrolled recipient minus the average cost for recipients in the control group. The net cost estimates include all expenditures by the operating agency as well as services provided by other agencies that were considered part of the treatment program.
Source: Gueron and Pauly, 1991 and Burtless, 1995.. 
